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A B S T R A C T   
Maximizing potato productivity and economic return calls for a proper seeding technology that is capable to 
manage in-field soil variability by optimizing the input seed densities. Current study evaluates the agronomic 
and economic potential of site-specific seeding (SSS) of consumable potato in comparison with uniform rate 
seeding (URS) approach. Two treatments of map-based SSS were tested in two study sites i.e., Dal (5.5 ha) and 
Bottelare (5.4 ha) in Belgium. In the first treatment, soil apparent electrical conductivity measured with an 
electromagnetic induction (EMI) sensor (EMI-SSS) was used as the management zone proxy data, and in the 
second treatment, soil fertility attributes measured with an on-line visible and near-infrared spectroscopy were 
fused with Sentinel-2 retrieved normalized difference vegetation index (VNIRS-SSS). In-row seed-to-seed dis-
tances were varied by 29, 31, 36, 40, 43 cm for Dal, and 25, 31, 36, 43, 47 cm for Bottelare following the 
prescription rule of sowing more seeds to the more fertile zones and vice-versa, whereas 36 cm seeding interval 
was applied for the control URS treatment. Yield analysis indicated that the SSS improved tuber yields, saved 
seed costs, and accordingly increased net economic return compared to the URS. The highest yield was harvested 
in Dal field for VNIRS-SSS (59.13 t/ha), followed by EMI-SSS (58.39 t/ha) and URS (56.16 t/ha). The VNIRS-SSS 
also produced higher yield (16.75 t/ha) at Bottelare site than EMI-SSS (16.49 t/ha) and URS (13.70 t/ha). The 
net profit of the SSS treatments was 5.35 to 56.0% higher than that of the URS treatment. The VNIRS-SSS 
treatment produced the highest net return (380.27 €/ha) for Dal, while EMI-SSS resulted in the highest net 
return (447.67 €/ha) for Bottelare. Therefore, regardless of the type of data/sensor used, map-based SSS is 
recommended for improving the production of consumption potato and increasing net economic margin.   
1. Introduction 
Potato is one of the most demanding crops across the world that 
serves as a staple food for millions of people as well as starch source for 
industry and animal feeding (FAO, 2015). Improving the per unit area 
productivity can meet the future potato demand and thus strengthen 
the world food security. This can be achieved either by enhancing the 
genetic potential of crop varieties or precision application of farming 
input resources (e.g., site-specific seeding, fertilization, crop protection 
products). The vast majority of potato growers practice the uniform rate 
seeding (URS), which is an inappropriate approach to manage in-field 
soil variations that exist in most of the arable fields (Guerif and King, 
2007). Due to the within-field spatial variability the URS fails to ensure 
proper plant populations, and consequently restricts crops growth and 
development, lowers the tuber yield (Jiang et al., 2013), increases 
management costs (Chattha et al., 2014), reduces net economic return 
and intensifies the environmental hazards (Esau et al., 2014a,b). 
Therefore, it calls for an alternative seeding solution capable to over-
come such critical economic, agronomic, and environmental issues. 
Site-specific seeding (SSS) accounts for inherent soil heterogeneity 
to allocate optimum seed rates (Neal Isbell, 2005). It targets the max-
imum yield potential of different zones of a field having different fer-
tility status. These zones are designated as management zone (MZ) 
(Nawar et al., 2017). Map-based SSS is a MZ oriented seeding approach, 
which adjusts the seed-to-seed distance optimally to match the fertility 
status of each MZ class. The MZ is delineated based on a single or 
multiple soil and crop characteristics, although most of the SSS studies 
relayed on a very limited number of MZ proxies including soil apparent 
electrical conductivity (ECa) and/or yield map (Munnaf et al., 2020b).  
Reining et al. (2003) considered yield potential derived from multi-year 
historical yield for calculating seed rate per MZ for winter wheat.  
Ehsani et al. (2005) reported the potential usage of soil electrical 
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resistivity (ER) (Veris-3100, USA) as MZ proxy, for SSS on Maize.  
Jeschke et al. (2012) proposed historical yield records, field pro-
ductivity, soil moisture, soil ECa and colour, remote sensing images for 
crop, soil and crop vegetation index, environmental response index, soil 
type and topography for SSS of corn. Heege (2013) suggested planting 
time, soil water availability and soil texture as the key parameters for 
SSS of winter wheat, while ECa was highlighted as an alternative to the 
soil texture. A study by Fulton et al. (2010) revealed that the field 
terrain and soil type influenced the maize yield with varying seeding 
rates both for dry and irrigated conditions. Dwight et al. (2013) on 
behalf of CropQuest, a leading crop consulting company in the USA, 
suggested yield maps from several years together with soil ECa, topo-
graphy and crop characteristics as the potential MZ proxy. Therefore, 
literatures indicate that there is no unique criterion for MZ delineation 
but this varies with the actual application conditions and management 
objectives in question. The right selection of input data for optimal MZ 
delineation is the key success in implementing map-based SSS. 
Proper delineation of MZ necessitates in-depth understanding of 
multiple soil and crop quality attributes that should be estimated with 
high sampling resolution. Advances in proximal and remote sensing 
technologies allowed for easy, cost-effective and rapid estimation of 
high-resolution data on soil and crop (Viscarra Rossel et al., 2011; 
Wang et al., 2015). The visible and near-infrared spectroscopy (VNIRS) 
is one of the best proximal soil sensing technologies to measure a wide 
range of soil physical and chemical constitutes under both off-line and 
on-line measurement modes with sampeling resolution of up to 2000 
samples/ha (Adamchuk et al., 2004; Mouazen et al., 2007; Kuang et al., 
2012). Besides, electromagnetic induction (EMI) is another widely used 
proximal soil sensing technology to measure soil ECa as a proxy for SSS 
(Ehsani et al., 2005). The advantage of VNIRS over EMI is that VNIRS 
can interpret individual causal effects of soil constituent on variabilities 
(Kuang et al., 2012). Therefore, EMI is frequently used to map within- 
field variability and define MZs, which can be used for site-specific soil 
and crop management (Corwin and Lesch, 2003). Sentinel-2 is also 
getting popularity with agricultural practitioners (Negula et al., 2017) 
due to its availability of free of charge, relatively high-resolution (e.g., 
10 m) earth observation data to calculate crop normalized difference 
vegetation index (NDVI) (Al-Gaadi et al., 2016). It is surprisingly true 
that only two literature are available to date on map-based SSS of po-
tato production using soil maps developed with a VERIS MSP3 (Veris 
Technologies, USA) technology that measures pH, organic matter and 
ER and/or EM38 soil sensors. Malda and Specken (2011) tested four 
varieties of table potatoes (Nicola, Milva, Gourmandine and Franceline) 
under variable lag distances using VERIS MSP3 though none of their 
results showed significant improvement of tuber yields and size sorting.  
Kempenaar et al. (2017) reported successful SSS of potato using a MZ 
map delineated with soil clay content mapped with EM38, reporting 4% 
improvement in tuber yield. However, the suitability of the fusion of 
on-line VNIRS measured multi-layer soil data with Sentinel-2 derived 
crop data for MZ delineation for SSS of consumption potato has not 
Fig. 1. Location and maps of study sites showing the on-line soil sensing transects and sampling points.  
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been reported so far. 
The current study hypothesizes that the fusion of high-resolution 
soil and crop data for the delineation of MZs for SSS of potato leads to 
agronomic and economic benefits compared to the traditional URS. 
Therefore, this study aims at evaluating the agronomic and economic 
benefits of map-based SSS of potato production using the fusion of high- 
resolution soil and crop data. Specifically, it compares the yield re-
sponse and economic potential of SSS against URS for the consumption 
potato. The study also compares the performance of SSS treatment 
based on the fusion of VNIRS soil and Sentinel-2 crop data (VNIRS-SSS) 
against EMI-based SSS treatment (EMI-SSS). Finally, it identifies key 
soil fertility and/or crop attributes affecting seed-to-seed spacing of 
consumption potato 
2. Methods and materials 
2.1. Experimental sites 
Two rainfed study sites, namely, Dal (5.5 ha; 50°45′04.9″N 
5°06′09.5″E) and Bottelare (5.4 ha; 50°59′10.8″N 3°49′10.3″E) located 
at two regions in Flanders, Belgium (Fig. 1) have been selected for this 
study. Both sites having partially dissimilar weather conditions 
(Table 1). Dal belongs to a commercial agricultural farm, whereas 
Bottelare field belongs to the experimental farm of Ghent University. 
Soil texture varies between a light loam to a light clay in Bottelare, and 
a light to a heavy loam in Dal. The topography of Bottelare indicates no 
changes in the elevation (10 m), whereas Dal has a mild slope that 
changes elevation from 86 m (Northwest corner) to 83 m (South). Crop 
rotation in Dal consists of wheat/barley, potato and sugar beet, whereas 
it is maize (corn/silage), bean and potato in Bottelare. 
2.2. Soil fertility assessment 
2.2.1. Estimation of soil fertility attributes using VNIRS sensor 
On-line field sensing and soil sampling: 
Separate spectral measurement for each study site was conducted 
during the summer time in 2018 using an on-line soil-sensing platform 
that was designed, developed and patented by Mouazen (2006). It 
consists of a subsoiler fitted to a frame, which is attached to the three- 
point linkage of a tractor. The subsoiler makes 20 cm deep trenches in 
the soil, the bottom of which is smoothened by the subsoiler itself due 
to its downward vertical forces. An optical probe hosted in a mild steel 
lens holder is appended to the back of the subsoiler chisel to measure 
soil spectra in diffuse reflectance mode from the smoothed bottom of 
the trench. A mobile, fiber type, VNIR spectrophotometer (Compact-
Spec from Tec5 Technology, Germany) with a measurement range of 
305–1700 nm and a spectral resolution of 1 nm was used to record the 
on-line soil spectra. A 100% ceramic disk (50 mm diameter) was used as 
the white reference, which was scanned once in every 30 min. A dif-
ferential global positioning system (DGPS) (Trimble AG., Trimble Na-
vigation Ltd., Sunnyvale, Canada) recorded the corresponding position 
of each soil spectrum. Georeferenced soil spectra were logged at a 
frequency of 1 Hz through a data logger and acquisition system called 
MultiSpec pro-II (Tec5 Technology, Germany) installed in a semi- 
rugged laptop computer (Toughbook, Panasonic UK Ltd., Bracknell, 
UK). The platform was driven along 12 m apart parallel transects 
(Fig. 1) with an average forward speed of about 3.5 km/hr. During the 
on-line sensing, 25 and 23 soil samples from Bottelare and Dal, re-
spectively, were randomly collected from the bottom (about 20 cm 
sampling depth) of trenches whereas the data logger recorded more 
than 700 on-line samples/ha. 
Chemical analyses of soil samples: 
Fresh soil samples were cleaned by removing non-soil particles such 
as grass, stubble, roots, stone/gravel and other foreign materials. Each 
soil sample was mixed thoroughly and reduced to 300 g using the 
standard coning and quartering method. Chemical analyses of soil pH, 
OC, available- phosphorous (P), potassium (K), magnesium (Mg), cal-
cium (Ca), sodium (Na) were conducted by the Soil Survey of Belgium 
(BDB), Heverlee, Belgium. Soil pH was measured in the supernatant, 
after shaking and equilibration for 2 h in mol/l potassium chloride 
(KCl) solution, using the proportion of 1:2.5 soil:solution. The OC was 
determined using the dry combustion following the Dumas principle 
(ISO 10694; CMA/2/II/A.7; BOC). For the determination of the total OC 
content, total inorganic carbon compounds were removed in advance 
by treating the soil sample with hydrochloric acid. The available P, K, 
Mg, Ca and Na were measured in ammonium lactate extract with in-
ductively coupled plasma atomic emission spectroscopy (ISO 11885; 
CMA/2/I/B1). Soil moisture content (MC) was determined by drying 
samples at 105 °C for 24 hr. The cation exchange capacity (CEC) was 
calculated based on the available base cations (K+, Mg2+, Ca2+, Na+), 
using the approximation method described in Gupta and Gupta, (2017). 
Multivariate calibration of VNIR spectra for predicting soil ferti-
lity attributes: 
The 48 soil samples collected from the two study sites were not 
sufficient to build a calibration model. Therefore, these samples were 
merged with another dataset (90 soil samples) collected from four 
different fields located in Flanders, Belgium to form a single dataset of 
138 soil samples. Spectral modeling was kicked off with spectral pre- 
processing, which included the use of several combinations of algo-
rithms, and the best performing pre-processing combinations for all 
studied soil properties were used (Table 2). On the top of these steps, 
edge trimming was implemented to exclude the noisy edges of 
305–449 nm and 1661–1700 nm, resulting in a spectral range of 
450–1660 nm that was used in the analysis. Spectral jump at the joining 
point between the two detectors (visible and NIR) at the 1045 nm 
waveband was corrected using the method reported by Mouazen et al., 
(2009). The pre-processed spectra were then randomly divided into a 
calibration (70%; 97 soil samples) and prediction (30%; 41 soil sam-
ples) data sets. Random selection allowed 19 of 25 and 17 of 23 soil 
samples collected from the Bottelare and Dal sites, respectively, to be 
used (spiked) in the calibration set, and the remaining soil samples 
were included in the prediction data set. Partial least squares regression 
Table 1 
Mean monthly weather conditions for the two experimental sites during the experiment in 2019.          
Parameters Study sites Months, 2019   
April May June July August September  
Avg. Tmin, C° Bottelare 5.0 6.9 12.5 12.9 13.0 10.1  
Dal 6.6 6.4 12.38 12.81 13.0 9.67 
Avg. Tmax, C° Bottelare 16.3 17.0 23.7 24.8 24.8 20.3  
Dal 19.87 16.94 24.75 25.15 24.90 20.42 
Total precipitation, mm Bottelare 21.8 41.8 90.3 36.8 39.0 64.9 
Dal 8.20 42.80 110.0 69.80 43.0 40.80 
Weather data were collected from a weather station at (a) Melle-9090 for Bottelare, (b) Velm-3806 for Dal. Avg.Tmin, average minimum temperature; Avg.Tmax, 
average maximum temperature.  
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(PLSR) analysis with leave-one-out cross-validation (LOOCV) was car-
ried out on the calibration dataset, and the output models were vali-
dated using the prediction dataset. Calibration models were developed 
for MC, OC, CEC, pH, Ca, Mg, Na, P and K. The number of latent 
variables (LV) were selected according to the lowest root mean square 
error (RMSE) obtained in cross-validation. Predictive quality of PLSR 
models was evaluated using the coefficient of determination (R2), RMSE 
and ratio of prediction to deviation (RPD). All the spectral analyses 
included pre-processing and modelling were done using “pls” (Mevik 
and Wehrens, 2007) package available in R CRAN. 
2.2.2. Soil apparent electrical conductivity surveying using EMI sensor 
Each study site was surveyed individually to measure soil ECa using 
a frequency domain multi-receiver EMI mobile sensor (The DUALEM- 
21S from Dualem Inc., Milton, On, Canada) with an operating fre-
quency of 9 kHz. The DUALEM-21S consists of one transmitter coil 
along with two pairs of horizontal co-planar (HCP) and perpendicular 
(PRP) array of receiver coils. The transmitter coil is located at one end 
and is shared by all receiver coils at a distances 1.10 m and 2.10 m for 
the PRP coil configuration and 1.0 m and 2.0 m for the HCP config-
uration. These four coil configurations (1HCP, 2HCP, 11PRP, 21PRP) 
record near-simultaneous measurement of four different subsurface soil 
volumes. The depth of exploration (DOE) is defined as the depth, at 
which 70% of the cumulative electromagnetic response is originated 
from the soil volume above this depth. At low induction number (LIN), 
the DOE for ECa measurements can be expressed as the function of 
inter-coil spacing and array orientation (McNeill, 1980). The DOE of 
the PRP and HCP arrays are 0.5 m and 1.6 m, respectively, when the 
instrument is placed on the ground (Dualem Inc, 2008) level. As such, 
the 1.1 m PRP and 1 m HCP configurations measure ECa down to 
depths of 0.5 and 1.6 m, respectively, while the 2.1 m PRP and 2 m HCP 
configurations provide ECa to depths of 1.0 and 3.2 m below the sensor 
inter-coil centerline when LIN conditions are valid. Note that as the skin 
depth decreases in high conductive environments so does the DOE 
(Callegary et al., 2007). The sensor was mounted on a sled (20 cm 
above ground) behind a four-wheel-drive all-terrain vehicle (ATV) and 
geo-referencing was done using a real-time kinematic - global posi-
tioning system (RTK-GPS). The ATV was driven along the parallel 
transects of 3 m intervals at an average travel speed of 10 km/hr. Data 
acquisition system simultaneously recorded the conductivity at 8 Hz 
and GPS positions at 1 Hz frequency. The low-frequency GPS readings 
were interpolated for geo-referencing to the other observations using 
piecewise cubic Hermitean interpolation polynomials fitting. 
2.3. Retrieving of crop NDVI using Sentinel-2 image data 
The Sentinel-2 is a 13-wavebands multi-spectral earth observation 
asset distributed in the spectral range of 433 to 2190 nm with 5-day 
revisit frequency. One [18th of May 2018 (NDVI in Fig. 3b)] and two 
[30th of June (NDVI 1 in Fig. 3a) and 25th of July 2018 (NDVI 2 in  
Fig. 3a)] images of Sentinel-2 Level 2A products were acquired for Dal 
and Bottelare sites, respectively. The NDVI was calculated using the red 
(b4 band) and infrared (b8 band) bands with 10 m resolution according 
to the following equation (Sellers, 1985): 
= + = +NDVI NIR RedNIR Red b8 b4b8 b4
Image processing and NDVI calculation were done using different 
tools available in ArcMap (ESRI ArcGISTM version 10.7.1, CA, USA). 
2.4. Soil mapping and management zone delineation 
High-resolution maps of soil pH, OC, P, K, Mg, Ca, Na, MC and CEC 
were generated after semi-variogram models developed with “geoR” 
(Diggle and Ribeiro, 2007) package from R CRAN. Ordinary kriging 
interpolated the values of soil properties at un-sampled geo-locations. 
Since the resolution of on-line measured soil properties is higher (700 
samples/ha) than the resolution of Sentinel-2 derived NDVI (10 m), 
raster analysis rescaled the different data layers into a common raster of 
5 × 5 m grid. Afterward, unsupervised classification using the K-means 
clustering algorithm was carried out, to divide both the study sites into 
several homogenous MZ. Note that since Ca, Na and CEC for Bottelare, 
and Ca for Dal did not contribute to discriminate different classes, they 
were excluded from the K-means clustering analysis. The results of 
clustering were further visualized and analyzed using ArcGIS (ESRI 
ArcGIS™ version 10.7.1, CA, USA). Merging small clusters with neigh-
boring clusters having a similar fertility status was necessary to avoid 
size mismatching between small clusters and the potato seeding ma-
chine. In addition, each field was also divided according to soil ECa into 
MZs (classes). For fair comparison, the number of classes were kept 
equal to those after K-means. Therefore, we tested two treatments of 
MZs in this study, namely, VNIRS-MZ and EMI-MZ. The VNIRS-MZ was 
delineated based on the fusion of on-line VNIRS measured soil fertility 
attributes with Sentinel-2 retrieved crop NDVI data, whereas the EMI- 
MZ was delineated based on EMI measured soil ECa only. 
2.5. Site-specific seeding recommendation 
The MZ map provides the basis of SSS recommendation map de-
velopment. The first step is to rank the classes of MZ maps according to 
their fertility level, followed by assigning the application rate respective 
to their ranking. The classes of VNIRS-MZ were ranked after close 
discussion with potato growers, supported by the normalized mean 
values of soil properties and NDVI for each class. The classes of EMI-MZ 
map were ranked assuming that the higher the ECa the higher is the soil 
fertility level and vice versa. 
Recommendation of seeding density was developed according to the 
“Kings” principle (feeding the rich) that stands for sowing more seeds to 
the highly fertile zone and less seeds to poorly fertile zones. In Dal, the 
Table 2 
Spectral data pre-processing combinations used for the development of calibration models for moisture content (MC), organic carbon (OC), cation exchange capacity 
(CEC), pH, available calcium (Ca), magnesium (Mg), sodium (Na), phosphorous (P) and potassium (K).                
Sequence 
→ 
Moving average Normalization MSC De-trending SG derivative GS derivative SG smoothing  
Conditions w type   W p m m w s w p M 
Soil Properties              
K, Na, MC 19 0 to 1 – – 9 2 1 – – – 19 2 0 
pH, Ca 15 0 to 1 – – – – – 1 11 5 15 2 0 
Mg 19 0 to 1 – – – – – – – – – – – 
CEC 19 – msc – 9 2 1 – – – 19 2 0 
OC, P 19 – – dtrend 9 2 1 – – – 31 2 0 
SG, Savtizky and Golay (Savitzky and Golay, 1964).; GS, Gap segment; MSC, multiplicative scattering corrections; w, size of the moving window; p, degree of 
polynomial fitting; m, order of derivatives; s, gap size; right arrow (→), indicates the sequence of pre-processing, which proceeds from moving average (left) towards 
smoothing (right).  
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recommended in-row seed-to-seed spacing of 29, 31, 40 and 43 cm 
were allocated, respectively, to the high, medium-high, medium-low 
and low fertile zones. For Bottelare, 25, 31, 36, 43, 47 cm spacing 
distances were assigned, respectively. The seeding interval of 36 cm 
was prescribed for the control URS treatment. This study was conducted 
for two consumption potato varieties, namely, Solanum tuberosum L. 
cv. Fontana and Anosta in Dal and Bottelare, respectively. Relatively 
smaller size seed tubers (28–40 mm) were sown at the Bottelare site 
than those planted in the Dal field (35–55 mm). 
2.6. Design of the strip experiment 
The strip plot experiment was designed and developed in order to 
compare two SSS treatments (i.e., VNIRS-SSS and EMI-SSS) against the 
URS control treatment. Both studied sites were divided into a number of 
6 m wide parallel strips to the tramline. The width of strips were se-
lected to fit the size of potato planter (GRIMME 860 GL Compacta, 
GRIMME UK Ltd, UK). The strips of the three seeding treatments were 
then randomly distributed, and overlaid each of the two MZ maps. 
Afterward, each strip was divided into multiple sub-strips, called plot in 
this study, whose size and fertility status should match the size and 
fertility status of the corresponding zone from VNIRS and EMI based MZ 
maps. Each plot was assigned to a recommended seed rate according to 
its fertility class (Fig. 2). These steps have resulted in an overall ap-
plication map (AM), which was exported as a machine compatible 
shapefile with WGS 1984 geographic coordinate system. The AM was 
uploaded to the virtual terminal of the GRIMME planter machine, and 
potato was sown on 18th of April and 8th of May 2019, respectively, in 
Dal and Bottelare sites. 
2.7. Crop management 
This experiment followed the same crop-management practices 
adopted by the farmer for the potato production usually. In Dal, the 
field was fertilized with 200 kg N/ha, and 300 kg K/ha the day before 
planting. A total of 20 times of fungicide applications were sprayed 
across the cropping season mainly against phytofthora and alternari. In 
Bottelare, crop protection products were also sprayed as per the crop 
requirement. Crops at both sites had been grown under rainfed system. 
2.8. Yield sampling and measurement 
A total of 54 and 92 yield samples were collected manually from Dal 
and Bottelare sites, respectively across the plots of the three proposed 
treatments. From each sampling point, potato tubers were collected 
over an area of 1.5 m2 along 2 m length of a row. Three sampling points 
per plot were harvested to allow the statistical data analysis unless a 
strip was too short or was affected by field buffer. The potato yield 
analysis followed several successive steps: (1) weighing and recording 
of the gross weight, (2) sorting and weighing of waste tubers (i.e., 
rotten, green tubers), (3) grading of tubers by size, (4) weighing of each 
size category, and (5) calculating the net yield. On the top of these 
steps, 20% of gross yield were discarded to avoid unexpected error in 
yield estimation. After discarding waste tubers, the fresh potatoe tubers 
were then sorted and graded into four categories of < 35 mm, 
35–55 mm, 55–70 mm and > 70 mm using a template of potato sizing 
squares. The net yield per sampling point was calculated by subtracting 
the weight of waste and undersized tubers (< 35 mm) from yield after 
20% reduction. Average of the net yield (t/ha) was calculated for each 
fertility class (low, medium-low, medium-high and high), per treatment 
and per field. Analysis of variances (ANOVA) together with Tukey 
honestly significant difference (Tukey-HSD) test were used to test 
whether any of the proposed treatment is statistically significant. 
2.9. Cost-benefit analysis 
To do economic analysis, we considered the cost of potato seed as 
input of production cost and revenue from tuber yields as outcome per 
Fig. 2. Application map of strip experiment to compare three potato seeding treatments of EMI-SSS, VNIRS-SSS and URS. EMI-SSS, site-specific seeding (SSS) based 
on management zone (MZ) delineated with soil apparent electrical conductivity (ECa) measured with an electromagnetic induction (EMI) sensor; VNIRS-SSS, SSS 
based on MZ delineated with the fusion of visible and near infrared spectroscopy measured soil data and Sentinel-2 retrieved crop normalized difference vegetation 
index (NDVI); URS, uniform rate seeding. It illustrated only the strips that were harvested for further analyses since manual harvesting of all strips was quite a 
laborious task. 
M.A. Munnaf, et al.   Computers and Electronics in Agriculture 178 (2020) 105752
5
unit area. Except for seeding cost, all other costs were supposed to be 
equal for both SSS and URS unless specified e.g., the cost of soil sensing 
per unit area. The average revenue per treatment (i.e., URS, VNIRS-SSS, 
and EMI-SSS) was calculated by multiplying the average net yield by 
the mean market selling price in 2019 i.e., 125 €/t. The net profit was 
derived by subtracting the seeds cost from the revenues. Relative to 
URS, the benefits of SSS were also calculated by comparing the re-
spective costs and revenues in each treatment. 
2.10. Identifying key soil and crop attributes as potential MZs proxies 
One of the important conditions for a soil property to act as a soil 
quality indicator is to have a positive correlation with ecosystem ser-
vices within the soil function in discussion (Andrews et al., 2004). In 
this study, the Pearson correlation matrix was calculated between the 
on-line measured soil attributes, NDVI, and yield to identify the key soil 
and crop properties influencing potato yield. The correlation analysis 
was done using average data per specific MZ for each seeding interval 
(rate). Attributes showing positive strong correlation with tuber yields, 
will be identified as the key soil and/or crop quality indicators, and thus 
MZ proxies for future map-based SSS of potato. 
3. Results and discussions 
3.1. Quality of on-line VNIRS prediction models 
Results of the on-line VNIRS sensor predicted nine soil fertility at-
tributes in cross-validation and prediction are shown in Table 3. The 
accuracies of most models were much better than those reported in the 
earlier studies (Kuang et al., 2012; Marín-González et al., 2013; Munnaf 
et al., 2019), except for the OC model. The relatively low accurate OC 
prediction might be attributed to narrow data range (1.03–2.30%), al-
though OC is expected to be well predicted, as it has a direct response in 
the VNIR spectra (Stenberg et al., 2010). According to the RPD values in 
prediction, soil attributes could be divided into two groups, with one 
includes Mg, Ca, Na, MC, CEC (RPD  >  2.0), while the other includes 
pH, OC, P, K (RPD  <  2.0). Note that, each group had one primary soil 
attribute (OC or MC) having a direct spectral response, through which 
the secondary soil attributes in the group covariated mainly with this 
attribute (Stenberg et al., 2010). The low number of LV used in cross- 
validation that was also comparable with literature (Kuang and 
Mouazen, 2011; Nawar and Mouazen, 2017) was an indication of the 
model robustness. The majority of these models satisfied the conditions 
set by Maleki et al., (2008) that a model must attain R2  >  0.70, and 
RPD  >  1.75 to be considered as a good model for further application. 
3.2. Soil and crop fertility maps 
Large spatial variabilities were visible in the high-resolution soil and 
crop maps, supported by the corresponding kernel density plots of the 
two study sites (Fig. 3a & b). Soil fertility attributes showed slightly 
skewed to nearly normal distribution, whereas NDVI showed extremely 
skewed distributions, that reminded a need for the selection of proper 
timing of NDVI measurement, although this was not in control and 
affected by other factors such as cloud cover. Low pH (mean 5.86) in 
Bottelare field indicated acidic nature for its light-heavy loam soil that 
calls for a lime management. The rest of the fertility attributes were 
within the standard range (BDB standards for OC = 1.2–1.6%; 
P = 12–19; Mg = 17–27; K = 16–27; Na = 3.2–6.4 in mg/100 g) for 
crop requirement in both of study sites, although potato requirs a 
higher organic matter (e.g., 3.4%) and thus OC (1.98%) to grow opti-
mally (Johnston et al., 2009). 
In Dal, pH, K, Mg, Na, and CEC showed almost similar spatial dis-
tribution with low to moderate concentrations in the southern part of 
the field where MC, OC, P and NDVI showed moderate to high con-
centration (Fig. 3b). Accordingly, the upper half of the field could be 
assumed to be of different fertility than the bottom half, which was 
lower in elevation explaining the higher water content. In Bottelare, 
soil pH, P, Mg, MC, and NDVI 1 had the most spatial similarities, while 
OC and K showed alike spatial distribution. Field observations revealed 
a heavier soil texture in the southeastern part having high nutrient 
concentrations and MC. This southeastern part together with the top 
northern corner of this field were of higher fertility, whereas the middle 
part had low concentrations of crop available nutrients (Fig. 3a). 
3.3. Analysis of management zone (MZ) maps 
The K-means delineated four and five MZ clusters based on VNIRS 
and NDVI data of Dal and Bottelare site, respectively (Fig. 4). Among 
the clusters of Bottelare field, cluster 1 was identified as the highest 
fertile zone, followed in descending order successively by cluster 3 
(medium-high), custer 5 (medium), cluster 2 (medium-low) and cluster 
4 (low). The high fertile MZ contained the highest amount of OC 
(1.59%), MC (15.54%), NDVIs (0.84, 0.73), and the second-highest pH 
(6.28) and K (29.53 mg/100 g) content. None of the MZs had crop 
nutrient deficiency, although pH was low (5.83–6.59), and OC content 
slightly varied (1.50–1.59%) among the MZ classes (Table 4). The MZ 
maps by VNIRS and EMI were of different spatial distribution. For in-
stance, EMI showed a major part of this field to have medium to low 
fertility (ECa = 0.75–46.56 mS/m), with a very small area of high 
fertility (ECa = 55.17–63.77 mS/m). The medium-high fertility zone in 
VNIRS occupied the smallest part of the field. This different classifica-
tion of fertility zones in terms of fertility level and spatial distribution 
will have a considerable effect on SSS. 
Of the clusters of Dal field, cluster 1 was selected as the high and 
cluster 3 as the low fertility zone, while cluster 4 and cluster 2 were 
ranked as medium-low and medium-high fertility MZ, respectively. The 
high fertility zone had the highest amount of P (34.51 mg/100 g), MC 
Table 3 
The prediction quality of on-line visible and near-infrared (VNIR) spectral models obtained from partial least squares regression (PLSR) analysis.          
Soil fertility attributes Cross-validation (97 samples) On-line prediction (41 samples) 
R2 RMSE RPD LV R2 RMSE RPD  
pH 0.76 0.33 2.03 7 0.71 0.36 1.88 
OC, % 0.66 0.15 1.73 10 0.65 0.13 1.71 
P, mg/100 g 0.73 4.88 1.92 9 0.68 4.40 1.78 
K, mg/100 g 0.64 7.37 1.69 8 0.64 6.08 1.68 
Mg, mg/100 g 0.80 7.25 2.22 5 0.76 5.96 2.08 
Ca, mg/100 g 0.90 286.24 3.13 8 0.88 319.07 2.89 
Na, mg/100 g 0.85 2.29 2.55 9 0.84 2.78 2.51 
MC, % 0.89 1.84 2.98 7 0.87 1.97 2.86 
CEC, cmol/kg 0.92 14.05 3.50 9 0.88 12.67 2.90 
OC, organic carbon; P, phosphorous; K, potassium; Mg, magnesium; Na, sodium; MC, moisture content; CEC, cation exchange capacity; LV, latent variables; R2, 
coefficient of determination; RMSE, root mean square error; RPD, ratio of prediction to deviation.  
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(13.35%) and NDVI (0.74), and the second-highest amount of OC 
(1.47%) and K (36.81 mg/100 g). Likewise in Bottelare field, no nu-
tritional deficiency was observed in Dal (Table 4), although all MZs had 
lower OC (1.43–1.70%) than the recommended range for maximum 
crop growth and development (Johnston et al., 2009). There was a 
much better overall spatial similarity between EMI and VINRS derived 
Fig. 3. Maps of on-line visible and near-infrared spectroscopy (VNIRS) predicted soil fertility attributes and Sentinel-2 retrieved crop normalized difference vege-
tation indexes (NDVIs), along with corresponding kernel density plots for (a) Bottelare and (b) Dal sites. 
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MZ maps in Dal than in Bottelare (Fig. 4). Slight spatial similarities 
between the two maps could be observed for the high and low fertility 
zones, whereas moderate similarities were distinguishable for the 
medium-low and medium-high fertility zones near the top northern 
corner of the field. The medium-low fertility zone in the VNIRS ap-
proach was more extended to the left-bottom corner of the field than 
that of the EMI, where this corner zone was marked as medium-high 
fertility category. 
3.4. Tuber yield response to site-specific seeding 
Of the two SSS treatments, the VNIRS-SSS produced higher yield 
(59.13 t/ha) at Dal field than that of the EMI-SSS (58.39 t/ha) and URS 
(56.16 t/ha) (Fig. 5a; Table 6). In Bottelare, the VNIRS-SSS also resulted 
in improved tuber yield (16.75 t/ha) compared to the EMI-SSS (16.49 t/ 
ha) and URS (13.70 t/ha) (Fig. 5a). Good to note here that significantly 
lower tuber yield was measured in Bottelare (13.70–16.75 t/ha) than in 
Dal (56.16–59.13 t/ha), with the average yield in Europe of 40 t/ha. 
This might be attributed to different reasons, e.g., cultivar character-
istics (e.g., yield potential, and sensitivity to environmental stress such 
as drought tolerance), available nutrients, and crop management were 
the most critical reasons among others. The cultivar seeded at Dal, 
Fontane had very high yield potential with late maturity characteristics, 
whereas Anosta, planted at Bottelare, was a low yielding variety with 
early maturity feature (NIVAP, 2011) and is very much susceptible to 
the drought stress, which occurred extremely during the cultivation 
period in summer 2019. That was the reason why many of the sur-
rounding potato fields were irrigated, but not in Bottelare. Drought 
stress particularly at the tuber filling and maturity stages severely af-
fects tuber development, limits tuber density and restricts tuber size 
(Obidiegwu et al., 2015), which could explain the low yield with high 
proportion of small size tubers at Bottelare (Fig. 6). The percentage 
increase of tuber yield compared to the URS treatment in our study was 
higher (Dal: EMI-SSS = 3.97%, VNIRS-SSS = 5.30%; Bottelare: EMI- 
SSS = 20.40%, and VNIRS-SSS = 22.30%) than the 4% increase re-
ported earlier by Kempenaar et al. (2017), in lutum (clay) soils. The 
increase in yield was only significant (95% level of significance) for the 
VNIRS-SSS treatment in Bottelare (Table 5). Accordingly, VNIRS 
seemed a better approach for MZ delineation for SSS, although the EMI- 
MZ led to smaller increases in tuber yield over that of the URS, com-
pared to the VINRS-MZ. 
3.5. Tuber yield response to in-row seed-to-seed spacing 
Tuber yield varied with in-row seed-to-seed distances in opposite 
trends in the two fields. While yield-increasing trend with the increase 
of seeding spacing was observed for Dal, decreasing trend was observed 
for Bottelare (Fig. 5b). For the high yielding Fontane variety in Dal, 
higher seed-to-seed distance spacing (e.g., 40–43 cm) resulted in higher 
tuber yields than the recommended spacing of 36 cm that could be 
explained by the larger below and above ground space, less competition 
to nutrients, water and solar radiation between neighboring potato 
plants, allowing for intensified tuber development. This was particu-
larly true for the very dry and hot summer of 2019 in Belgium, where 
the effect of water stress was significant in potato production. Allowing 
for large spacing led to less competition on water in particular of potato 
plants in the rainfed production system in Dal. The low yielding Anosta 
variety in Bottelare did not need a larger seed-to-seed distance than the 
recommended one (36 cm) to reach its highest yield potential. How-
ever, the low plant density failed to yield optimally because this led to 
large space between plants and allowed weeds to grow and compete 
with potato plants for water and nutrients. Therefore, 25–31 cm and 
40–43 cm were the optimal seeding intervals to maximize the tuber 
yields, hence, they could be recommended as the optimal seed-to-seed 
Fig. 3.  (continued)  
M.A. Munnaf, et al.   Computers and Electronics in Agriculture 178 (2020) 105752
8
Fig. 4. Management zone (MZ) classes delineated by (a) the fusion of visible and near-infrared spectroscopy (VNIRS) predicted soil fertility attributes with crop 
normalized difference vegetation indexes (NDVIs) retrieved from Sentinel-2 images (VNIRS-MZ), and (b) apparent electrical conductivity (ECa) data measured with 
an electromagnetic induction (EMI) sensor (EMI-MZ). 
Table 4 
Mean values of soil and crop fertility attributes per management zone class in each study site.             
MZ pH OC, 
% 
P, 
mg/100 g 
K, 
mg/100 g 
Mg, 
mg/100 g 
Na, 
mg/100 g 
MC, 
% 
CEC, 
cmol/kg 
NDVI 1 
30/6/2018 
NDVI 2 
25/7/2018  
Bottelare site           
Low 6.21 1.57 26.47 29.48 20.20 – 15.33 – 0.78 0.71 
Medium-low 6.59 1.59 32.48 33.04 20.54 – 15.51 – 0.75 0.70 
Medium 5.94 1.50 23.20 26.57 16.97 – 14.10 – 0.77 0.71 
Medium-high 5.83 1.55 21.13 26.35 17.03 – 14.47 – 0.81 0.73 
High 6.28 1.59 26.38 29.53 19.72 – 15.54 – 0.84 0.73 
Dal site         NDVI 18/5/2018  
Low 7.06 1.43 33.74 33.79 28.68 18.01 8.26 29.93 0.74 – 
Medium-low 6.82 1.70 33.21 32.08 25.34 15.28 8.60 25.22 0.74 – 
Medium-high 7.28 1.41 31.79 44.11 25.12 18.76 8.69 29.67 0.69 – 
High 6.83 1.47 34.51 36.81 21.14 15.22 13.35 20.83 0.74 – 
OC, organic carbon; MC, moisture content; availavle- P, phosphorus; K, potassium; Mg, magnesium; Na, sodium; CEC, cation exchange capacity; NDVI, normalized 
difference vegetation index; MZ, management zone. Bold values indicate the highest concentration of fertility attributes per MZ class.  
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distances for Bottelare seeded with Anosta and Dal seeded with Fon-
tane, respectively, under the 2019 weather conditions. This is im-
portant to be considered by potato growers, to cope with recent 
weather events encountered during the past few cultivation seasons in 
Belgium and in Europe at large. Nevertheless, it is also important to 
keep in mind that these results were derived based on a single-year 
trial, hence, further studies should be carried out under multiple fields 
using a similar experimental design. 
3.6. Tuber size response to in-row seed-to-seed spacing 
A positive trend of increasing the proportion of larger tubers with 
the increase in within row seed-to-seed spacing was commonly ob-
served across the treatments and vice versa (Fig. 6), a finding that was 
in good agreement with an earlier study (Knowles and Knowles, 2016). 
Most of the tubers at Bottelare site were in the range of 35–55 and 
55–70 mm classes, of which the former class was higher than the latter 
one. Very small percentage of tuber grew larger than 70 mm. Compared 
to the URS, the EMI-SSS treatment maximized the yield at larger spa-
cing intervals compared to that of the control spacing of 36 cm. For the 
EMI-SSS, the maximum increase in yield of the 35–55 mm class was 
obtained at 47 cm spacing (12.13 t/ha), whereas for 55–70 mm class it 
was at 41 cm (9.94 t/ha) and 47 cm (9.57 t/ha) intervals. The VNIRS- 
SSS maximized tuber yields of 35–55 mm class at 41 cm (10.97 t/ha) 
and 31 cm (10.76 t/ha) sowing intervals, while the 55–70 mm class 
showed the highest yield at 36 cm (10.61 t/ha) seed spacing. 
Most of the tubers at Dal site were in the 55–70 mm size category 
that peaked (EMI-SSS = 46.39 and VNIRS-SSS = 45.05 t/ha) at larger 
Fig. 5. Tuber yield response to (a) site-specific seeding (SSS) and uniform rate seeding (URS) treatments, and (b) in-row seed-to-seed spacing for two study sites, 
namely, Bottelare and Dal. The electromagnetic induction (EMI)-SSS treatment, used management zone (MZ) delineated with soil apparent electrical conductivity 
measured with an EMI sensor, while visible and near-infrared spectroscopy (VNIRS)-SSS treatment used MZ delineated with the fusion of on-line VNIRS predicted soil 
fertility attributes with Sentinel-2 retrieved normalized difference vegetation index. Variation of tuber yield as a function of seed-to-seed spacing shows a quadratic 
relationship, with 95% confidence interval represented by the gray zone. 
Fig. 6. Tuber size distribution across the in-row seeding intervals at (a) Bottelare and (b) Dal, shown for the uniform rate seeding (URS) treatment in comparison with 
the two site-specific seeding (SSS) treatments of (1) the fusion of on-line measured soil fertility attributes with normalized difference vegetation index (VNIRS-SSS) 
and (2) the electromagnetic induction (EMI) measured apparent electrical conductivity (EMI-SSS). Yield data of 25 cm (Bottelare) and 29 cm (Dal) seeding intervals 
for EMI is not available due to the field buffer and limited area to set strips. 
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seed spacing of 40 cm than the URS of 36 cm. The largest size category 
(70+ mm) also showed an increasing trend with the seeding spaces, 
and reached a peak at 43 cm for both the VNIRS-SSS (26.78 t/ha) and 
EMI-SSS (20.57 t/ha) scenarios. It could be clearly observed that in the 
majority of cases, the SSS treatments provided maximum yield at larger 
spacing distances than the control, which might well be explained by 
the dry summer conditions in 2019 and the large competition for water 
that was more available at large spacing distances. This suggests that in 
dry conditions, the optimal seed distance should be increased, which is 
something of important influence due to the climate change affecting 
the local weather conditions, with more dryer and hotter summer en-
countered in the last few seasons not only in Belgium but in other 
countries in Europe. Furthermore, it is worth noting that the optimi-
zation of seed-to-seed distance is the key to maximize the yield of the 
desired tuber size class that has the highest market price. In this sense, 
seed-to-seed spacing of 40 or 41 cm seemed to be the best productive 
seeding interval to maximize the yield of most demanding tuber size 
i.e., 35–55 mm class. Again, it iterates a need for adopting a larger 
seeding interval than the current recommended spacing to cope with 
drought stress and increase production of most demanded tubers cate-
gory. 
3.7. Cost-benefit analysis 
The cost-benefit analysis revealed that the SSS treatments resulted 
in increased net profits of production, compared to the URS treatment 
(Table 6). Similar to the trend observed for yield, higher per hectare 
revenue and net profit were observed in Dal than in Bottelare. The 
VNIRS-SSS outperformed EMI-SSS in Dal, while the opposite result was 
observed in Bottelare. Both SSS treatments used smaller amount in 
seeding tubers than the URS treatment. Higher saving in seed cost was 
calculated for the EMI-SSS treatment (Dal: 41.39 €/ha; Bottelare: 98.19 
€/ha) than VNIRS-SSS treatment (Dal: 8.0 €/ha; Bottelare: 7.60 €/ha). 
The inclusion of seed cost saving was not reported in the earlier studies 
(Dwight et al., 2013; Lovell, 2016), where profitability emerged mainly 
from the significantly higher yield by SSS rather than saving on seed 
costs. The VNIRS-SSS and EMI-SSS treatments led to very comparable 
net profits of 6387.67 €/ha and 6328.73 €/ha, respectively, while the 
URS treatment yielded a smaller net profit of 6007.39 €/ha. Compared 
to the URS treatment, the percentages increase of net profit were 6.33% 
and 5.35%, respectively. The net profits obtained with EMI-SSS and 
VNIRS-SSS in Bottelare were much smaller (1240.02 €/ha and 1181.0 
€/ha, respectively) than those in Dal, whereas the URS control treat-
ment again produced a smaller net profit than the two SSS treatments of 
792.36 €/ha. Therefore, the relative net profit calculated for the VNIRS- 
SSS and EMI-SSS, compared to the URS treatment were 388.64 €/ha 
and 447.67 €/ha, respectively, indicating large improvements in profit 
by 49.04% and 56.50%, respectively. However, slightly smaller in-
creases in the relative net profit of 380.27 €/ha (6.33%) and 321.33 
€/ha (5.35%) were observed in Dal field. This could be attributed to the 
lower productivity and larger drought sensitivity of the Anosta cultivar 
in Bottelare, compared to that of the Fontane used in Dal. This result 
confirms the SSS is an economically viable approach, which is highly 
prospective and strongly recommended particularly for low yielding, 
drought-sensitive potato cultivars. Assuming the cost of soil sensing and 
mapping to be 25 €/ha per year, the net economic return of SSS 
treatments would be reduced by 25 €/ha. Despite the soil scanning cost, 
both the SSS approaches would still provide significantly higher eco-
nomic margins (363.64 and 355.27 €/ha and 422.67 and 296.33 €/ha 
for the VNIRS-SSS and EMI-SSS treatments, respectively) than the URS, 
proving the economic potential of SSS for consumption potato pro-
duction. 
3.8. Key soil and crop attributes as potential management zone (MZ) 
proxies 
All the on-line measured soil (pH, OC, P, K, Mg, Na, MC, CEC) 
fertility and crop quality (NDVIs) attributes positively correlated with 
the at least one or multiple yield observations obtained at various 
seeding spacing intervals (Fig. 7). Correlation matrix indicated the di-
rect and/or indirect contribution of individual soil fertility attributes to 
the crop growth and development, and ultimately to the tuber yields. 
The strongest correlation between all measured soil attributes and yield 
was found for the 36 cm seed spacing (r = 0.5–0.90) in Bottelare, 
which indicated that this spacing interval was the most affected by soil 
properties. This was true for the Anosta cultivar under the weather 
conditions of the 2019 growing season. Similar observations with 
weaker correlations can be made for all soil properties (except P and K) 
at a seed spacing of 29 cm in Dal. Among all on-line measured soil 
properties, P had the strongest correlations with yield, particularly in 
Dal, followed successively by OC and Mg (Fig. 7). The rest of the soil 
properties had indeed very limited correlations with yield. 
Strong positive correlation of soil P in Dal field (r = 0.73–0.94) with 
the tuber yield at seed spacing intervals ≥36 cm was quite logical as P 
is an important fertility indicator to root development, crop cellular 
energy transfer and acts as a structural component of nucleic acids 
(Naumann et al., 2019). Soil P plays a key role in initial tuber setting as 
well as enhances tuber maturity (Hopkins et al., 2014; Rosen et al., 
2014). High P fertilization limits the yield of larger size tubers that 
offsets the yield of smaller size tubers (Rosen et al., 2014). However, in 
Bottelare field, the positive correlation between P and yield was ob-
served at a seed spacing of 36 cm only. The sensitivity of the Anosta 
cultivar to drought stress, prevailed in summer 2019, the influence of P 
on yield was masked due to physiological disturbance led to crop un-
derperforming. Moreover, soil P had a strong correlation with crop 
NDVI in Dal only (r = 0.86). Like P, NDVI strongly correlated with 
yield at seed spacing intervals ≥36 cm in Dal (r = 0.80–0.95), while 
weaker correlations were observed at Bottelare (r = 0.21–0.87) at seed 
Table 5 
Results of one-way analysis of variance (ANOVA) and Tukey honestly significant difference (HSD) test on potato tuber yield harvested at Bottelare and Dal fields.             
Field Dal Bottelare 
Sources DF SS MS F-value P-value DF SS MS F-value P-value  
Treatment 2 68 33.77 0.419 0.66 2 139.6 69.80 3.121 0.048* 
Residuals 62 5001 80.66   121 2705.9 22.36   
Total 64 5069    123 2845.5    
Tukey HSD test  
MD 95% CID P-adj. MD 95% CID P-adj. 
URS-(EMI-SSS) −2.24 −9.84 to 5.36 0.76 −2.80 −5.82 to 0.23 0.08 
(VNIRS-SSS)-(EMI-SSS) −0.74 −6.64 to 5.17 0.95 −0.25 −1.94 to 2.45 0.96 
(VNIRS-SSS)-URS −2.98 −10.83 to 4.87 0.64 −3.05 −6.03 to 0.06 0.04* 
DF, degree of freedom; SS, sum of squares; MS, mean squares; HSD, honestly significant difference; CID, confidence interval of difference, MD, mean difference.  
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spacing intervals ≥41 cm. It was not surprising to observe such a strong 
relationship between tuber yield and NDVI, because it is the most re-
commended and widely applied vegetation index to monitor crop 
health and forecast crop yield potential (Marino and Alvino, 2014; Al- 
Gaadi et al., 2016). 
In general, soil OC is a main soil fertility indicator as it provides 
food for micro-organisms and earthworms that play positive rule in soil 
mineralization, and in improving soil structure and stability. Higher 
potato yield necessitates elevated OC content (Hijbeek, 2017). Both the 
two study sites had low OC with almost no spatial variation in Bottelare 
and slightly larger variation in Dal (Table 4). This can explain the 
sporadic correlation of OC with yield in Bottelare (r = 0.50, only po-
sitive correlation with yield at 36 cm spacing) and several weak but 
positive correlations (r = 0.08–0.32) in Dal. Since the higher the OC 
(e.g., soil organic matter), the higher is the soil water holding capacity, 
low OC in the two study fields did not help in holding water during the 
dry summer period. No strong correlations between soil MC and yield 
were found except at 36 cm seeding interval in Bottelare (r = 36) and 
Dal (r = 53). This seemed odd, as potato plants are highly sensitive to 
water stress and consume large amount of water continuously for the 
entire growing period, hence, a sudden drop in MC can severely hamper 
tuber growth and yield (Liao et al., 2016). However, such poor corre-
lations can be explained by the lag time between MC measurement in 
August (Dal) and October (Bottelare) in 2018, and potato harvest in 
Autumn 2019. 
It seemed strange that pH seldom showed positive correlations 
(36 cm spacing in Bottelare; 29 and 32 spacing in Dal) with tuber yield, 
though it has a strong regulatory influence on nutrients availability and 
plant uptake of soil P, K, Mg, and Na. Soil pH range between 6.0 and 7.5 
is an ideal acidity for soil P and K uptake (Pierzynski et al., 1994), 
though a relatively higher pH range (7.0–8.5) is favorable for Mg 
(USDA-NRCS, 2014). In Bottelare field, the pH ranged between 4.77 
and 7.54 (Fig. 3), with an average value of 5.86, which was clearly in 
the acidic range. The range of pH variation (6.48–7.97) in Dal was 
within the ideal range for potato optimal production conditions. Both 
acid and alkaline soils can adversely affect P availability (Hopkins, 
2013; Rosen et al., 2014), and interrupted P availability can limit crop 
root growth and development due to its role in the cell division (Rosen 
et al., 2014). The P in alkaline soil tends to develop poorly soluble 
mineral precipitates with Mg (Hopkins, 2013). However, an ideal range 
of pH and thus nutrient availability varies according to the soil texture, 
soil mineralogy, and crops in question (van Vliet and Giller, 2015). 
Likewise pH, soil K had positive correlations with yield at 36 and 
41 cm spacing intervals in Bottelare and 29 cm in Dal, although K had a 
central association with expected tuber and starch yields (Naumann 
et al., 2019), and K-deficient soils led to potato yield reduction (Koch 
et al., 2019a). Our results were in line with other studies (Kang et al., 
2014; Koch et al., 2019b), reporting K did not play positive contribution 
to increase potato yield in K-sufficient soils. Several K functions are 
shared by Mg such as maintaining soil pH, facilitating enzyme activ-
ities, and carbohydrate partitioning (Koch et al., 2019c). Mg is also 
involved in the transport of sugars in the form of sucrose from the 
leaves to the tubers and accordingly, the Mg-deficit soils can sub-
stantially reduce tuber and starch yields (Koch et al., 2019a). The po-
sitive correlations between Mg and yield (r = 0.14–0.89 in Bottelare; 
r = 0.05–0.99 in Dal) explained to some extent the central role of Mg in 
crop photosynthesis, since it acts as a central atom of each chlorophyll 
molecule (Verbruggen and Hermans, 2013). 
From the above discussion of correlations among different measured 
soil and crop attributes with yield at different seeding intervals, we 
propose soil OC, P, Mg, MC (not proven to strongly affect yield to the 
lag time mentioned above), and crop NDVI as the most important MZ 
proxies to be implemented for map-based SSS of consumption potato. 
Recently a set of key fertility attributes were reported elsewhere in the 
literature to increase potato productivity in descending order of 
K  >  organic matter (e.g., OC)  >  MC  >  P (Wang et al., 2019), which 
were similar to those proposed in the current work (except for K) using 
the on-line measured soil attributes. Our proposed set of fertility at-
tributes were also in good agreement with Bünemann et al., (2018) who 
reported soil OC, pH, P, MC, K, and CEC as the key soil quality in-
dicators that significantly affect crop productivity. In a comprehensive 
literature report (Munnaf et al., 2020b) authors proposed a set of soil 
quality indicators (pH  >  P  >  K  >  N  >  texture  >  OC  >  EC  >  CEC  >  
MC  >  bulk density  >  soil organic matter  >  Mg  >  Ca), for sup-
porting various soil functions and improving crop production. In an-
other study on SSS of seed potato production using MZ map delineated 
Fig. 7. Pearson correlation matrix among the on-line measured soil fertility attributes, crop normalized vegetation indexes (NDVIs) and tuber yields harvested from 
variable seeding spacing intervals at (a) Botteare and (b) Dal fields. OC, organic carbon (%); MC, moisture content (%); available- P, phosphorus (mg/100 g); K, 
potassium (mg/100 g); Mg, magnesium (mg/100 g); Na, sodium (mg/100 g); CEC, cation exchange capacity (cmol/kg); Yield25, Yield29, yield31, Yield32, Yield36, 
Yield40, yield41,Yield43, and yeild47, tubers yield obtained at 25, 29, 331, 32, 36, 40, 41, 43, 47 cm seeding intervals, respectively; yield.avg, average yield; NDVIs is 
retrieved from Sentinel-2 Level 2A product on different days in 2018. 
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with the same VNIRS technology, we found soil pH, OC, P, and K as the 
key soil fertility attributes affecting seed spacing (Munnaf et al., 
2020a). This discussion allows to argue that in comparison with the 
EMI sensing technology, the on-line VNIRS multi-sensor platform, used 
in this study enabled the identification of the key soil attributes af-
fecting the seed-to-seed spacing of consumption potato seeding, al-
though both SSS treatments resulted in significant profit compared to 
the USR treatment. 
4. Conclusions 
Two treatments of map-based site-specific seeding (SSS) of con-
sumption potato were compared with one uniform rate seeding (URS) 
treatment in two study sites i.e., Dal and Bottelare, in Belgium. In the 
first treatment, soil apparent electrical conductivity measured with an 
electromagnetic induction (EMI) sensor (EMI-SSS) was used as the 
management zone (MZ) proxy data, whereas in the second treatment, a 
fusion of soil fertility attributes collected with an on-line visible and 
near-infrared reflectance spectroscopy (VNIRS) and Sentinel-2 retrieved 
normalized difference vegetation index (VNIRS-SSS) was used. From 
the results obtained through the strip experiments, the following con-
clusions could be made:  
(a). The SSS increased overall tuber yields and net economic returns by 
5.35 to 56.50% in comparison to the URS. Improvement in the net 
profit did not result only from maximizing tuber yield but also from 
seed cost savings. The SSS treatments were more profitable in the 
field with low yield potential, planted with a low yielding cultivar, 
being highly sensitive to drought stress than the field with high 
yield potential.  
(b). The VNIRS-SSS treatment produced larger tuber yields at both 
study sites in comparison with the EMI-SSS treatment, with the 
former outperformed the net profit of latter in Dal only. However, 
the EMI-SSS treatment used less amount of potato seeds, which 
resulted in higher seed cost-saving than the VNIRS-SSS treatment 
relative to the URS treatment. Therefore, VNIRS-SSS and EMI-SSS 
are both equally economically viable for consumption potation 
production. 
(c). The yield increased compared to the URS treatment was only sta-
tistically significant with the VNIRS-SSS treatment in Bottelare. By 
excluding the seed cost, the VIRNS-SSS treatment is recommended 
in case the main target is to increase yield to improve food security.  
(d). At dry conditions, the current recommended seed spacing intervals 
might not be the ideal, and future works should look at larger in-
tervals, taking into account the soil texture type and cultivar, as the 
climate change in Western Europe leads to more hot and dry 
summer conditions.  
(e). The VNIRS-SSS approach enabled to point out the most affecting 
soil attributes to yield at different spacing intervals. The most af-
fecting parameters are OC, P, Mg, MC, and crop NDVI that are 
proposed as the MZ proxies for map-based SSS. This set of proposed 
MZ proxies might vary for field-to-field, region-to-region, soil 
types, weather conditions, and crop cultivars. 
It is recommended to adopt SSS in potato production, as a means of 
increasing crop yield, reducing seeding cost, and thus maximizing 
profitability. Further evaluation of similar experiments is suggested for 
different potato cultivars under different soil types and agro-climatic 
conditions. This will allow extrapolating the results obtained in the 
current work under specific conditions into broader conditions so that 
potato growers elsewhere can benefit from the results obtained. 
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